In recent years, binary code learning, a.k.a. hashing, has received extensive attention in large-scale multimedia retrieval. It aims to encode high-dimensional data points into binary codes, hence the original high-dimensional metric space can be e ciently approximated via Hamming space. However, most existing hashing methods adopted o ine batch learning, which is not suitable to handle incremental datasets with streaming data or new instances. In contrast, the robustness of the existing online hashing remains as an open problem, while the embedding of supervised/semantic information hardly boosts the performance of the online hashing, mainly due to the defect of unknown category numbers in supervised learning. In this paper, we propose an online hashing scheme, termed Hadamard Codebook based Online Hashing (HCOH), which aims to solving the above problems towards robust and supervised online hashing. In particular, we rst assign an appropriate highdimensional binary codes to each class label, which is generated randomly by Hadamard codes. Subsequently, LSH is adopted to reduce the length of such Hadamard codes in accordance with the hash bits, which can adapt the prede ned binary codes online, and theoretically guarantee the semantic similarity. Finally, we consider the setting of stochastic data acquisition, which facilitates our method to e ciently learn the corresponding hashing functions via stochastic gradient descend (SGD) online. Notably, the proposed HCOH can be embedded with supervised labels and is not limited to a prede ned category number. Extensive experiments on three widely-used benchmarks demonstrate the merits of the proposed scheme over the state-of-the-art methods.
INTRODUCTION
With the growth of data scales, hashing-based methods have attracted extensive research attentions in large-scale multimedia retrieval [34] , which merits in low storage and e cient computation on large-scale datasets. In principle, most existing works aim to map high-dimensional data into a compact Hamming space, such that the original data similarity can be approximated via Hamming distance e ciently. To this end, most e ective hashing schemes are "data dependent", which relies on modeling labeled or unlabeled data to learn discriminative binary codes [12, 13, 22, 24-26, 31, 36] .
However, such a setting is hardly workable for various real-world applications. Many applications require the search engine to index streaming data online. In contrast, most existing works in hashing adopt batch-based learning on the prepared training data, which is only suitable for xed dataset. While facing new data, batch-based learning has to accumulate all the available data and re-learns all hash functions. To handle this problem, advanced batch-based hashing [16, 22] has been proposed to perform multiple passes over the data. Unfortunately, the frequent data loading becomes a major performance bottleneck. In order to address the above challenges, online hashing (OH) [7, 30, 35] has been proposed to perform online learning of hash functions in an e cient way. However, two open problems still exist:
Firstly, most OH methods require that the input data should be fed with pairs or batches [2, 15, 20] , while little works consider the case of a single datum input. To tackle this problem, inspired by the Error Correcting Output Codes (ECOCs), Cakir et al. proposed an online supervised hashing to solve such an extreme input [1] , which uses an SGD of the supervised hashing with error correcting codes. But, the random construction for error correcting code will corrupt the model, which degenerates the retrieval performance.
Secondly, the unsupervised OH method [20] can not make full use of the label information and su ers from low performance, which has to adopt a batch of training data to update the hash functions. Meanwhile, the performance of the existing supervised OH schemes [1, 3, 15] is still far from satisfying, most of which remain unchanged or even degenerate with the increase of streaming data, as reported in [1] and quantitatively demonstrated in Sec. 4.4 . Even though the work in [2] solves this problem to a certain extend, its performance gain is accompanied by a time-consuming burden, due to the complex mutual information calculation between distance matrix and neighborhood indicator (i.e., a O(T 2 ) complexity where When new stream data from new class in left part is received, a column vector (codeword) in Hadamard matrix is sampled as a virtual multi-label representationto this class. Otherwise, it shares the same virtual multi-label representation with instances falling in the same class (denoted with di erent shapes in di erent colors). These virtual representations form the codebook C (purple boxes). Then, a randomGaussian matrix W is applied to reduce the codeword length to being consistent to the prede ned hash bits. In sum, HCOH explicitly aggregates the undiscriminating features in the original space into discerning Hamming space (in the right part).
T is the number of batch size). Therefore, an e ective yet e cient OH scheme is in urgent need.
In this paper, we propose a simple and e ective online hashing method, termed Hadamard Codebook based Online Hashing (HCOH), which aims to solve all aforementioned problems in a uni ed framework. First, we generate the Hadamard matrix via it de nition, from which a discrete codebook is randomly sampled. Each codeword in such a codebook will be designated as the centroid of data sharing the same label, which can be used to conduct the learning of hash functions. Second, we employ the locality sensitive hashing (LSH) [10] to reduce the codeword length to being consistent with the length of hash bits. Therefore, HCOH can train the objective function by leveraging the di erence between the codewords and the produced Hamming codes, and the hash functions are updated swiftly in an iterative manner with streaming data. Note that, both Hadamard matrix and the application of LSH can be e ciently applied online, because Hadamard matrix can be generated o ine and the LSH is the data-independent encoding method with random projections.
No extra time is spent during online learning by using this method, which di erentiates our method from the existing OH method [1] , where the codebook has to be generated on-the-y or to be in a xed size. Moreover, the proposed HCOH by nature enables the embedding of supervised labels by using discriminative Hadamard matrix. Finally, in optimization, we show that the proposed HCOH needs only one instance to update each round, while most OH methods [2, 3, 15, 20] need at least two instances. Extensive experiments on three benchmarks, i.e., CIFAR-10, Places205, and MNIST, show that the proposed HCOH achieves better or competitive results to the state-of-the-art methods [1-3, 15, 20] .
The main contributions of this work are as follows:
(1) A codeword sampled from Hadamard matrix is introduced as the centroid of di erent class labels, which can be utilized to learn discriminative binary codes in online manner.
(2) Each codeword can be used as the virtual multi-label representation, which serves as the supervised information to build our e ective model for online learning. (3) The speci c stochastic gradient descent (SGD) is derived to achieve e cient optimization for the proposed method. (4) The proposed scheme achieves competitive results compared with several state-of-the-art online hashing [1-3, 15, 20 ].
RELATED WORK
Recently, online hashing (OH) has received wide attention in online applications. It merits in e ciently updating the hash functions by using the streaming data online, which can be further subdivided into two categories: SGD-based OH methods [1] [2] [3] 15] , and matrix sketch-based OH methods [20] . For SGD-based online hashing, Online Kernel Hashing (OKH) [15] is the rst of its kind, which updates hash functions with an online passive-aggressive algorithm [6] . OKH needs the new data to arrive in pairs with a similarity indicator, and the hash functions are updated via gradient descent on the selected hashing parameters. Similar to OKH, Adaptive Hashing (AdaptHash) [3] uses a similar framework, in which data are fed with pairs and label similarity. It de nes a hinge loss function and uses SGD to optimize model in online manner. Furthermore, Cakir et al. developed a more general two-step OH framework, a.k.a. Online Supervised Hashing (OSH) [1] . In details of OSH, Error Correcting Output Codes (ECOCs) [8] are rst generated as the codebook, in which each codeword is further assigned to eachclass. Then, an exponential loss is developed to replace the 0\1 loss, which is optimized via SGD to ensure the learned hash functions to t the binary ECOCs. In [2] , Online Hashing with Mutual Information (MIHash) was proposed by giving an image along with its neighbors and non-neighbors. It targets at optimizing the mutual information to reduce the ambiguity in the induced neighborhood structure in the Hamming space. Therefore, the whole framework can be optimized via SGD on mini-batch data.
For sketch-based online hashing, the main motivation comes from the idea of "data sketching", which preserves the main property of a dataset with a signi cantly smaller size [5, 21] . Leng et al. proposed Online Sketching Hashing (SketchHash) [20] where an online sketching with zero mean is developed to e ciently update hash codes online. An e cient variant of SVD decomposition (denoted as RSVD) [33] is employed to obtain the hash functions. Although SketchHash [20] only requires O(dl) space complexity to store and perform calculations on the streaming data, its time complexity is O(ndl + dl 2 ) to yield hash functions, where n is the data size, d is the data dimension, and l denotes the sketching size satisfying l < d n. Moreover, FasteR Online Sketching Hashing (FROSH) [4] was developed to further reduce the training time to O(nl 2 +nd). FROSH employs the independent Subsampled Randomized Hadamard Transform (SRHT) on di erent small data chunks to make the sketching compact and accurate, as well as to accelerate the sketching process.
THE PROPOSED METHOD 3.1 Notations
In this section, we introduce the proposed Hadamard Codebook based Online Hashing (HCOH) in details. We rst give notations used in the rest of this paper. We de ne X = [x 1 , ..., x n ] as a set of n training data with the corresponding labels Y = { 1 , ..., n }, where each
The goal of hashing is to assign each instance a binary code in H 1 , such that similarities in the original space are preserved in the Hamming space. This is achieved by learning a collection of hash
+1} is to generate one bit code. As for online hashing, the hash functions F are continuously updated from the input streaming data. Following [4] , we mainly consider the linear projection-based hash function, where hash function for each bit is de ned as:
where w k ∈ R d is a parameter vector and b k ∈ R is a bias term. Consequently, the hash codes for X can be presented as
where
Online Hashing Formulation
To update the hash functions F from streaming data online, the current mapping matrix W t and bias vector b t are learned on the tth round input streaming data
As mentioned, the existing online hashing methods [2, 15, 20] requires the input data to be paired or batched, i.e., n t ≥ 2, for dynamic updating. In this paper, we break through such a limitation by updating the model using only one instance via stochastic gradient descend, which is experimentally demonstrated to be very e ective.
To this end, we rst revisit SGD-based online hashing, i.e., an SGD version of the supervised hashing with error correcting codes (ECC) [1] , known as "codebook". Each vector, known as "codeword" in this codebook is assigned to the data falling into the same label. SGD-based hashing employs a 0−1 loss function, which outputs either 1 or 0 to indicate whether the binary code generated by the existing hash functions is matched to the codeword. After replacing the 0−1 loss with a convex loss function and relaxing the sign function, SGD is applied to minimize the loss and update the hash functions online. However, such methods cannot guarantee a constant loss upper bound [15] , which is caused by the random construction of the codebook for class label. To compensate, a boosting scheme that considers previous mappings when updating each hash function is used to handle the error-correlation, which however needs more training time for each round input.
To solve the above mentioned problems, we argue that a better ECC is the key for robust and e cient online hashing. The basic idea of ECC stems from the model of signal transmission in the communication eld [29] . Recently, ECC has become one of the most widely used strategies for dealing with multi-class classi cation problems, which contains both encoding and decoding phases. In the encoding phase, an encoding matrix (codebook) C ∈ {−1, 1} r * ×N decouples an N -class classi cation problem into r * binary-classi cation (bi-classi cation) problems [23] . That is, each column (codeword) of the matrix C represents a class sample, each row represents a virtual category, and each original class can be approximated by a series of virtual categories in the decoding phase. Therefore, we argue that ECC can also help to solve the existing problems of online hashing, where the hash functions can be seen as a set of bi-classi cation models, and each f k (x i ) = 1 means a given x i belongs to the k-th virtualcatogory and vice versa.
Following the above de nitions, we consider the linear regression tobuild each bi-classi cation model at the t-th round with the i-th new data point
where c i is the i-th column of matrix C, and (x t i ) returns the class label of x t i , and · F is the Frobenius norm of the matrix. Therefore, the overall objective function can be rewritten as:
where C (X t ) ∈ R r * ×n t is the virtual multi-label representation matrix, of which the rows represent the virtual labels and the columns represent the samples. However, the length of hash bit may not be the same with the length of codeword, i.e., r r * , which makes Eq. 3 hard to be directly optimized. To handle this problem, we further use the locality sensitive hashing (LSH) to transform the virtual labels to obtain the same length of binary codes to learn the hash functions. As proven in [9] , LSH preserves the semantic similarity among label-based representation, since the collision probability between the binary codes of two labels is less than 0.5 if they are dissimilar, otherwise the collision is greater than 0.5. As a result, we reformulate Eq. 3 by LSH-based random hashing as:
whereW ∈ R r * ×r is the random Gaussian matrix.
Hadamard Codebook
As above, the key issue falls in the construction of encoding matrix (codebook) C. Towards learning an optimal matrix C via ECC method, the following principles should be satis ed in traditional ECC: 1) Maximize the Hamming distance between each row, which allows strong error-correction ability. 2) Maximize the Hamming distance between each column, which ensures signi cant di erence between the classi ers. However, the existing ECC construction schemes are too complex for generating long hash bits, which hinders their practical applications.
To solve this problem, we use the classical Hadamard codes in the communication system to construct ECC, which satis es the above two principles [14] . In particular the Hadamard is an n-order orthogonal matrix, i.e., both its row vectors and columns vectors are pair-wise orthogonal, which by nature satis es principles 1) and 2), respectively. And its elements are either +1 or −1. That is:
where I n is an n−order identity matrix. Though the existence of Hadamard matrices of other orders [11, 27, 28, 37] , we utilize 2 k -order Hadamard matrices in this paper, which can achieve satisfactory performances as shown in Sec. 4. To construct the 2 k -order Hadamard matrices, the entry in the i-th row and the j-th column can be de ned as:
Based on the de nition of Hadamard matrix in Eq. 5, vectors in a Hadamard matrix are linearly independent. That is, Hadamard matrices can be well utilized as a discriminative set in Hamming space, which can further guide the learning of hash functions.
By the de nition of 2 k -order Hadamard matrix, we set the coding length r * as follows:
where |Y | is the number of class labels in the dataset. Therefore, we construct the square encoding matrix as C r * ∈ {−1, 1} r * ×r * . If a new data with new label is received, we randomly and non-repeatedly select a column representation to construct a virtual multi-label vector for this data. Otherwise, the virtual label previously assigned to the instances with the same label is given. Such vectors are further aggregated to construct the encoding matrix C. Therefore, our scheme does not need to prede ne the category number of the dataset. The detailed framework can be shown in Fig. 1 .
Learning Formulation
By giving the encoding matrix C as de ned in Sec. 3.3, we aim to optimize the objective function in Eq. 4. However, the sign function sgn(·) is non-smooth and non-convex, which makes the standard optimization method infeasible for the proposed model. Following the work in [22] , we relax the hash function F (X ) = sgn(W T X + b) as follows:F
where tanh(·) is the hyperbolic tangent function that transforms the discrete values {−1, +1} to continuous values (−1, +1). Based on this relaxation, Eq. 2 can be reformulated as:
Ideally, SGD optimization can be used to carry out in an iterative way for Eq. 4, where the partial derivative ofL with regard to W and b can be derived as:
where η t is a positive learning rate at the t-th round, and the derivative ofL(W t ) with respect to W t is
and the derivative ofb t with respect to b t is where P = (1 −tanh(W t T X t +b t )) tanh(W t T X t +b t ), denotes the element-wise product, and LSH(X t ) = sgn W T C (X t ) . We summarize our proposed HOCH in Alg.1.
EXPERIMENTS
In this section, we report our quantitative experiments to verify the e ectiveness and e ciency of the proposed method. We run largescale image retrieval experiments on three datasets, i.e., CIFAR-10 [17] , Places205 [38] , and MNIST [19] .
Datasets
CIFAR-10 is a widely-used dataset for image classi cation and retrieval. It contains 60K samples from 10 categories represented by 4096-dimentional CNN features extracted from the fc-7 layer of a VGG-16 network [32] pre-trained on ImageNet. As in [2] , the entire dataset is partitioned into two parts: a retrieval set with 59K samples, and a test set with 1K samples. And a random subset of 20K images from the retrieval set is used for learning hash functions.
Places205 is a 2.5-million image set where each instance belongs to one of 205 scene categories. Following [1, 2] , features are precomputed from the fc-7 layer of an AlexNet [18] , and then further reduced by PCA to a 128-dimension vector. For each category, 20 instances are randomly sampled to form a test set, and the remaining are used to form a retrieval set. We sample a subset from the retrieval set with 100K images at random for learning hash functions.
MNIST dataset contains 70K images of handwritten digits with 10 classes. Feature vectors are presented by 28×28 = 784 normalized original pixels. We construct the test set by sampling 100 instances from each class and the other are used as retrieval set. From the retrieval set, 20K instances are adopted to learn the hash functions. 
Evaluation Protocols and Baselines
As for the evaluation protocols, we adopt the widely-used mean Average Precision (mAP) at varying bit lengths, as well as the mean precision of the top 500 retrieved samples (denoted as Precision@500). We also report the mAP vs. numbers of training instances, as well as its corresponding area under the mAP curve (denoted as AUC). Due to the large scale of Places205 benchmark, it is very time-consuming to compute mAP. Following [2] , we only compute mAP on the top 1000 retrieved samples (Denoted as mAP@1000).
We compare our method with ve state-of-the-art online hashing algorithms, i.e., Online Kernel Hashing (OKH) [15] , Online Sketching Hashing (SketchHash) [20] , Adaptive Hashing (AdaptHash) [3] , Online Supervised Hashing (OSH) [1] and Online Hashing with Mutual Information (MIHash) [2] . Source codes of all these methods are available publicly. Our model is implemented with MATLAB. Training is done on a standard workstation with a 3.6GHz Intel Core I7 4790 CPU and 16G RAM. All the experimental results are averaged over three runs.
Parametric Settings
We describe the parameters to be tuned during the experiments. Due to that we share the common dataset con gurations on CIFAR-10 and Places205, we directly adopt the parameters as described in [2] for all baselines. Otherwise, we partition a validate set from training set with a size of 2K, 10K, 2K for CIFAR-10, Places205 and MINST, respectively, and identify the best choice for each parameter. The following describes our parameter settings. C is populated the same way as in [1] . • MIHash: The tuple (θ, R, A) as (0, 1000, 10), (0, 5000, 10) and (0, 1000, 10) for CIFAR-10, Places205 and MNIST, respectively. Due to the page limit, we do not explicitly explain the meaning of these parameters. Detailed information can be found in the corresponding papers [1-3, 15, 20] . Also, for SketchHash, the batch size has to be larger than the length of hash bits. Therefore, we do not report its performance when the hash bits are 64 and 128. 
Results and Discussions
4.4.1 Results on CIFAR-10. We rst report the performance of the proposed method on CIFAR-10. Tab. 1 illustrates the mAP and Precision@500 of our method and the baselines with di erent hash bits. Fig. 2 reports the mAP with respect to di erent numbers of training instances, and Fig. 3 displays the corresponding AUC results when the hash bits are 8, 16, 32, 64 and 128. We can see that the proposed method outperforms all of the other methods in all cases.
In terms of mAP and Precision@500, we can observe that the proposed method achieves substantially better performance at all code lengths. Comparing to the state-of-the-art method, i.e., MIHash, the proposed method shows a relative increase of 4.69%, 9.06%, 1.93%, 8.55%, 10.54% for mAP when hash bits are 8, 16, 32, 64, 128, respectively, as well as 13.57%, 6.97%, 1.61%, 4.47%, 4.56% for Preci-sion@500 when hash bits are 8, 16, 32, 64, 128, respectively. As for the mAP performance with respect to di erent numbers of training instances, the proposed method not only surpasses the state-ofthe-art methods by a large margin, but also achieves satisfactory performance with less training instances. Taking the metric under 64-bit as an example, the proposed method obtains 0.6 mAP when the training instances grow to around 1K, while it takes MIHash nearly 8K instances to achieve the same mAP. For a deeper look, we further analyze the area under the mAP curves in Fig. 3 . Among all baselines including OSH that uses ECOC as a codebook, the proposed HCOH always achieves the best results, which implies that using Hadamard codebook with our proposed online learning scheme is more preferable than using ECOC with classical SGD learning scheme.
Results on
Places205. Tab. 2 shows comparative results about mAP@1000 and Precision@500 on a larger-scale dataset Places205 with di erent code lengths, respectively. The mAP with respect to di erent numbers of training instances and its AUC are reported in Fig. 4 and Fig. 5 . We can nd that in low bit cases, i.e., 16bit and 32-bit, MIHash achieves the best results in all four metrics. However, as the length of hash bit grows, the proposed HCOH still outperforms all the baselines including MIHash, which claims that the overall performance of the HOCH is better on Places205.
In detail, in low bits of 8 and 16, compared with the proposed HCOH, MIHash acquires 23.88%, 4.66% gains for mAP@1000 and 31.75%, 21.77% gains for Precision@500, respectively. Notably, under the setting of 8-bit, SketchHash is second best. When the hash bits are 32, 64 and 128, the proposed HCOH surpasses MIHash by 6.15%, 4.22%, 4.52% gains for mAP@1000 and 4.49%, 5.67%, 3.51% gains for Precision@500, respectively. We further look into the mAP with respect to di erent number of training instances and the AUC under di erent hash bits. As depicted in Fig. 4 , when the lengths of hash codes are 8 and 16, at rst, the proposed HCOH rapidly increase, and as the dataset grows, MIHash transcends. However, when referring to 32-bit, 64-bit and 128-bit, the proposed HCOH keeps the rst throughout the training process. In Fig. 5 , it shows similar results as in Fig. 4 . In the 8-bit, 16-bit settings, MIHash performs the best. Whereas, In the settings of 32-bit, 64-bit, 128-bit, the proposed HCOH shows its dominance and keeps the rst results.
To analyze the reason for unsatisfactory performance of the proposed HCOH in low hash bits, it owes to the usage of LSH to reduce the codeword's length, because LSH needs longer codes to achieve the theoretic convergence guarantee [10] . Nevertheless, we argue that when facing large-scale datasets, longer binary codes are necessities to guarantee good performance. Even though MIHash shows best in hash bits of 8 and 16, the performance are far from satisfying. For example, in 8-bit setting, the mAP is only 0.094, which is insu cient in real applications. However, when hash bit is 64, the best result increases to 0.321, which is more applicable. Therefore, longer binary codes are necessary to achieve workable performance in large-scale settings. Fig. 6 and Fig. 7 , respectively. We can observe that the results on MNIST are very similar to those on Places205. When it comes to low hash bits of 8 and 16, the performance of the proposed HCOH is worse than MIHash. But in most cases, our method surpasses all of the other methods. As aforementioned, low hash bits are not suitable for large-scale datasets, especially for streaming data due to its low performance.
In particular, when the hash bits are 8 and 16, MIHash gets 23.88% and 0.05% mAP gains to the proposed method. When hash bits are 32, 64 and 128, the proposed HCOH gets 1.61%, 6.45%, 13.22% mAP gains to MIHash. As for the Precision@500, MIHash gains 14.05% higher than HCOH when the hash bit is 8. Both the proposed HCOH and MIHash earn 0.801 mAP under the hash bit of 16. Regarding to the hash bits of 32, 64, 128, the proposed method consistently outperforms MIHash by 1.70%, 4.43% and 5.17% mAP gains, respectively. Further, we analyze the mAP with respect to di erent numbers of training instances and the corresponding AUC. As shown in Fig. 6 , when the hash bit is 8, the proposed method shows best mAP at rst, but is surpassed by MIHash as the number of instances increases. Fig. 7 reports the same observation for AUC. Interestingly, in regard of the 16-bit case, even MIHash transcends the proposed HCOH in the end, but the proposed HCOH still holds Based on Tab. 1, Tab. 2 and Tab. 3, it can be observed that when the hash bits are 8 and 16, HCOH is worse than MIHash on Places205 and MNIST, while HCOH performs better on CIFAR-10. We argue that this is owing to the dimensionality of features. As introduced in Sec 4.1, features in CIFAR-10 are 4096-D, while it is only 128-D and 784-D for Places205 and MNIST, respectively. So as to preserve mutual information in Hamming space, MIHash learns binary codes via linear mappings which su ers great quantization error when mapping data from high-dimensional space into low-bit Hamming space. Hence, we argue that when learning low-bit binary codings, i.e., 8 or 16 bits, our method is suitable for high-dimensional features, while MIHash is proper to low-dimensional features.
Parameter
Sensitivity Analysis. We further analyze the in uence of hyper-parameters on the performance. Unlike other baselines, there are only two parameters in the proposed HCOH, i.e., the learning rate η and the batch size n, which re ects another advantage of the proposed HCOH, because less parameters denote simpleness to complement and less time spent on deciding optimal values. For simplicity, at each round t, we set η t and n t as constants.
To validate the e ectiveness of these two parameters, we conduct experiments on CIFAR-10 when the hash bit is 16. In Fig. 8(a) , we plot the mAP curves under di erent values of learning rate. We can see that the mAP results uctuate as the learning rate η varies. This is owing to the random sampling process involved in the evaluation protocol. In general, when η = 0.2, the proposed HCOH performs the best. Fig. 8(b) shows the mAP performance along with the increase of batch size n. Generally, the performance of the proposed HCOH degenerates with the increase of n. The precise results for n t = 1 and n t = 2 are 0.755 and 0.716, respectively. This is because individual update preserves more instance-level information. The best choice for n is 1 in such a case.
Similarly, the same experiments can be conducted for Places205 and MNIST. In this paper, the tuple (η, n) is set as (0.2,1), (0.1,1) and (0.2, 1) for CIFAR-10, Places205 and MNIST, respectively. Through the analysis, we demonstrate that the proposed HCOH only needs one instance to update the hash functions each round, which di ers HCOH to most OH methods, which needs at least two instances.
Time Complexity
To demonstrate the e ciency of the proposed HCOH, we further compare the training time on CIFAR-10 when the hash bit is 32. To analyze, though OSH also adopts codebook-based scheme, it has to utilize the boosting algorithm to improve the performance, which increases the training time. Regarding to MIHash, the proposed HCOH obtains a 5.26× training speed acceleration, which is due to the usage of mutual information, i.e., given a query, MHIash has to calculate the Hamming distance between its neighbors and non-neighbors. Even if in some situations of low hash bits, the performance of MIhash may surpass the proposed HCOH, it has unavoidably introduced more training time, which is in many cases unacceptable in OH.
CONCLUSION
In this paper, we propose a robust supervised online hashing scheme, termed Hadamard Codebook based Online Hashing, which can be trained very e ciently online, and is not limited by prede ning the category number of the streaming dataset. To this end, the proposed HCOH is rstly associated with a codebook sampled from the generated Hadamard matrices, and then designates the codeword in the codebook as the centroid of data sharing the same label space, so as to conduct the learning of hash functions. To keep consistency with the length of hash bits, locality sensitive hashing is further employed to reduce the codeword dimension. Stochastic gradient descend is developed to update the hash codes for streaming data online. In optimization, the proposed HCOH only needs one training instance each round. Extensive experiments with quantitative evaluation metrics and benchmarks including CIFAR-10, Places-205, and MNIST demonstrate the merits of of the proposed method over the state-of-the-art.
